Using a trading volume-based measure, we study the differences between institutional and individual investors in herding. First, better-informed institutional investors trade more selectively, whereas less-informed individuals allocate their investments evenly across stocks. Second, individual investors rely more on public information for their trades as they are influenced by market sentiment and attention-grabbing events. Third, institutional investors react asymmetrically to up-and down-market movements, whereas individual investors do not. Finally, despite these differences in herding both individual and institutional investors pay close attention to one another's trades in forming a consensus.
Introduction
Herding as a form of correlated behavior happens when investors imitate and follow other investors' decisions while suppressing their own private information and beliefs (Devenow and Welch, 1996 and Avery and Zemsky, 1998) . Herding can be either rational or irrational. Herding driven by market sentiment, fad and informational cascades (Banerjee, 1992; Bikhchandani et al., 1992; Barberis and Shleifer, 2003) and positive-feedback trading (Nofsinger and Sias, 1999) can be irrational, driving prices away from fundamental values and generating excess volatility. Whereas herding induced by correlated information (Falkenstein, 1996; Froot et al., 1992; Hirshlerfer et al., 1994) , reputation costs (Scharfstein and Stein, 1990; Dasgupta et al., 2011) , and underlying security characteristics can be rational, facilitating the incorporation of new information into prices (Wermers, 1999; Galariotis et al., 2015) .
Most of previous studies concentrate on institutional herding and provide mixed empirical evidence (Sias, 2004; Choi and Sias, 2009; Dasgupta et al., 2011; Koch, 2014; Choi and Skiba, 2015) . There are also several studies that examine individual herding (Nofsinger and Sias, 1999; Merli and Rogerz, 2013) . However, little previous studies have formally investigated the behavioral differences in herding between institutional and individual investors. Institutions and individuals are two different types of investors, and they have different characteristics. Relative to institutions, individuals are less-informed and more vulnerable to the influence of psychological biases, market sentiment, and attention-grabbing events, such as market return shocks (Kaniel et al., 2008; Barber and Odean, 2008) . Under asymmetric information, less-informed investors may rationally behave like price chasers (Wang, 1993 (Wang, , 1994 . Nofsinger and Sias (1999) further suggest that individual investors engage in herding as a result of irrational but systematic response to fads or sentiment, while institutional investors engage in herding as a result of agency problems, security characteristics, fads, or the manner in which information is impounded in the market. Naturally, we expect that individual and institutional investors behave differently in herding and that individuals herd more strongly towards the market than institutional investors. Relative to individual investors, institutional investors are more skillful and sophisticated. Using transaction records of French individual investors for the period 1999 , Merli and Rogerz (2013 demonstrate that the level of individual herding depends on the investor sophistication degree. Most recently, Salganik (2016) finds that, compared with investors of retail mutual funds, clients of institutional mutual funds use more quantitatively sophisticated criteria such as risk-adjusted return measures and tracking error, demonstrate stronger momentum-driven and herding behaviors. Different types of investors also differ in preferences which will be revealed through their respective trading activities. Mitton and Vorkink (2007) show that the different preferences of different groups of investors affect the valuation of stocks. Extending the framework of Hong and Sraer (2015) , Frijns et al. (2016) show that preferences of various investor types, which are revealed through their trading activity, cause the slope of the SML to change, and the sign of the slope depends on which type of investors is more active in the market. Verrecchia (1979 Verrecchia ( , 1981 expresses "total consensus" or total agreement as a situation in which all investors interpret information in some homogeneous fashion. Investors can either achieve consensus beliefs rationally based on public and private information, or by being subject to market waves of sentiment irrationally such as following trend-chasing "popular models" and herding with other investors' movements (e.g., Shleifer and Summers, 1990) . On the other hand, disagreement arises when different investors have different information sets or interpret the same set of information differently (Harris and Raviv, 1993; He and Wang, 1995) . Carlin et al. (2014) find that increased disagreement among different investors is associated with higher expected returns, higher return volatility, and larger trading volume. Frijns et al. (2016) argue that in a market with different types of investors, some with low disagreement and others with high disagreement, trading activity could reflect disagreement levels among investor types. They suggest that cross-sectionally, individual investors are more likely to have high disagreement because they differ in their ability to interpret noisy signals, whereas institutions are more likely to have low disagreement among each other. Naturally, disagreement level differences among investor types will also be reflected in their trading and herding activities.
In this study we fill in the gap by examining the differences in herding between institutional and individual investors. Our examination is conducted by using trading data from the Chinese stock market where trend-chasing or sentiment-induced herding behavior is more prevalent because of the dominance of individual investors and limited arbitrage opportunities.
1 This unique database, provided by the Shanghai Stock Exchange (SSE), is extracted from the daily trading history of all individual and institutional investors who traded the component stocks of the SSE 180 Index between July 1, 2002 and December 31, 2004. For each component stock we have the aggregated daily RMB trading value of institutional (and individual) investors. On the basis of institutional (individual) buys and sells for each component stock, we compute trading volume-based herding measures to examine the impact of market return movements on the herding behavior of institutional and individual investor groups. We define the daily standard deviation of the cross-sectional institutional (individual) trading volume for all sample stocks as a proxy of the herding measure of institutional (individual) investor group. Our herding measure is similar to that of Christie and Huang (1995) to the extent that we exploit the information contained in the cross-sectional movement of the market. However, our measure focuses on the cross-sectional variability of trading volumes by different investor groups rather than the returns used in Christie and Huang (1995) . Christie and Huang (1995) argue that their measure of dispersions quantifies the average proximity of individual returns to the mean return. Analogous to their argument, our trading-volume based dispersion measure quantifies the average proximity of individual stock trading volumes to the mean. We argue that a low dispersion of trading volume across different stocks represents a high degree of herding towards the market because herding happens when investors imitate and follow other investors' decisions while suppressing their own private information and beliefs (Shalen, 1993; Harris and Raviv, 1993; Kandel and Pearson, 1995) . Dispersions therefore are bounded below at zero when all individual stock trading volumes move in perfect unison with the market average, and increase when individual stock trading volumes begin to vary from the market.
In fact, trading volume-based variables have been used extensively as proxy of information in the literature, and trading-volume based herding measures are not new in the literature (Lakonishok et al., 1992; Baker and Stein, 2004; Sias, 2004; Goetzmann and Massa, 2005; Baker and Wurgler, 2006; and Kumar and Lee, 2006) . Baker and Stein (2004) find that aggregate measures of share turnover and equity issuance have incremental power for future equal-weighted market returns. Goetzmann and Massa (2005) construct a measure of dispersion of opinion based on the sum of the absolute deviations of the aggregated trades in the top 100 sample stocks by different income, age, and professional groups of investors. Li and Wang (2007) propose a trading volume based measure of dispersion of beliefs to examine the relation between stock returns, consensus beliefs, and investors' trading volume changes. They argue that if investors' trading activities are generated by or at least reflect the inter-temporal changes in their beliefs (Shalen, 1993) , then naturally and more directly dispersion of investors' trades can be used to measure the dispersion of beliefs among investors. Jiang and Sun (2014) propose a measure of dispersion in fund managers' beliefs about future stock returns based on their active holdings, they find that both the level of and the change in dispersion positively predict subsequent stock returns. In testing the relationship between disagreement and stock return and volatility, Banerjee (2011) finds that using volume as proxies for disagreement provide empirical evidence that is consistent with investors using prices on average. We argue that since herding is a trading phenomenon, trading volume-based herding measures should at least complement return-based counterparts. For example, return dispersions are predicted to be low when herding occurs, yet low return dispersions by themselves do not necessarily guarantee the presence of herding (Christie and Huang, 1995) . Besides, return-based herding measures may not be an ideal proxy when the market is quiet and investors are confident of the direction of market movement (Hwang and Salmon, 2004; Hwang and Salmon, 2009) . Our herding measure is constructed by directly using market-wide daily institutional (individual) trading volume, and it is applicable to both quiet and turbulent markets.
It is important to note that our herding measure capture market-wide herding by a group of investors rather than herding by individual retail or institutional investors. At least two different types of herding are observed in the literature: herd towards the market and herd towards particular stocks. Herd towards the market happens when investors tend to move with the market or follow the general market trend. Christie and Huang (1995) , Chang et al. (2000) , Gleason et al. (2004) , and Salmon (2004, 2009 ) capture the herding behavior towards market by applying the stock returns or stock betas based dispersion measures. In contrast, herd towards particular stocks occurs when a group of investors focus only on a subset of securities while neglecting other securities with identical exogenous characteristics (Lakonishok et al., 1992; Hirshlerfer et al., 1994; Wermers, 1999) . For example, dispersion in analysts' forecasts is a popular proxy of herding towards individual stocks (Diether et al., 2002) , although Goetzmann and Massa (2005) claim that professional analysts' opinions do not necessarily reflect the expectations of the average investors. Instead, they use the absolute deviations of the aggregated trades in the top 100 sample stocks by different groups of investors as a proxy of dispersion of opinions in their study. Choi and Sias (2009) and Demirer et al. (2015) also investigate institutional herding behavior at the industry level.
At least four major findings emerge from our analyses. First, as a group, better-informed institutional investors tend to trade more selectively, whereas less-informed individuals tend to allocate their investments evenly across stocks. Second, individual investors rely more on public information for their trade. They are influenced by market sentiment and attention-grabbing events. Third, institutional investors react asymmetrically to up-and down-market movements, whereas individual investors do not. Finally, both individual and institutional investors pay close attention to one another's trades in forming a consensus. Notably, using return-based herding measure of Christie and Huang (1995) , Demirer and Kutan (2006) find no evidence of herding in the Chinese A share markets between 1999 and 2002. In contrast, using the same return-based herding measure and a sample of crosslisted Chinese domestic A-and foreign B-shares, Tan et al. (2008) find herding behavior exists in both A-and B-share markets. However neither of these studies investigates the herding behavioral differences between individual and institutional investors. The rest of the paper is organized as follows. Section 2 describes the data and institutional background of the Chinese market. Section 3 examines the differences in herding behavior between individuals and institutional investors. Section 4 investigates the herding behavior in up-and down-markets. Section 5 presents the interaction between two types of investors. The last section presents the conclusions. The SSE has launched a number of stock indexes, with the most important being the SSE Composite Index, which covers all of the stocks listed on the SSE, and the SSE 180 Index. accounted for 67% of the market capitalization, 56% of the capitalization of floating shares, and 53% of the RMB trading value of the SSE, respectively. The primary data set for this paper is extracted from the complete transaction records of all trades between all investors, grouped by individuals and institutions, on all of the component stocks of the SSE 180 Index from July 1, 2002, the launch date of the SSE 180 Index, to December 31, 2004 . Beside the limitation on data availability, one important reason that we choose a short and early sample period rather than a longer and more recent sample period is that there was one big event happened after 2004, the "split-share structure reform" in China which was initialed in 2005 and completed by the end of 2007. Before the reform, in addition to a minority publicly tradable A-, B-, and H-shares, a typical listed Chinese firm has a substantial portion of nontransferable shares in the form of state-owned shares, legal person shares, and employee shares. The purpose of the reform is to dismantle the dual share structure by converting non-tradable shares into tradable shares. The Removal of floating restrictions on non-tradable shares, however, contribute to abnormal high trading volume and volatility during the reform period which is not desirable for clearly identifying investors' "normal" trading behavior.
Institutional background and the data
7 Our final trading sample consists of all of the 180 component stocks over the 610 trading days. The SSE 180 Index component stock list is adjusted semi-annually (on July 1 and December 31 every year), and on each occasion about 10% or less of the total number of component stocks is added or removed from the list. Over the two and a half years of the sample period, we have a total of 251 component stocks due to these semi-annual adjustments of the list. Panel A of Table 1 reports the basic statistics of the SSE 180 component stocks. Individual investors dominate the trading in terms of trading value. On average, institutional trading accounts for only 13.7% of the value over the sample period while individual trading represents the remaining 86.3%. Institutional buying and selling account for 14.9% and 12.4%, respectively, which indicates that institutions are net-buyers over the sample period, although at a small margin.
We further divide the SSE 180 stocks into five size portfolios based on their previous half-year average market capitalizations. Consistent with the empirical findings for other stock markets, we find that institutional investors tend to trade more in large stocks. The average percentage of institutional trades in the portfolio of the largest stocks (portfolio 5) is 22%, whereas that in the portfolio of the smallest stocks (portfolio 1) is less than 6%. Overall, the institutional trade increases monotonically with the market capitalization of the portfolios. Large stocks usually tend to have higher prices; therefore, empirical results based on trading value could be subject to the price effect. However, in our case, the differences in the average stock prices among the quintiles are quite small. Not surprisingly, larger stock portfolios tend to have lower mean returns and higher share volumes and trading volume over the sample period. However, there are no significant differences in turnover among the size quintiles, although the largest and smallest portfolios tend to have slightly higher turnovers.
Differences in herding behavior between individuals and institutions

Herding measures
In the same spirit of Christie and Huang (1995) , we use dispersion of trading volume across different stocks as a proxy of herding of a homogenous investor group across different stocks. Specifically, we define the standard deviation of the cross-sectional trading volume for all sample stocks on day t, σ(Trd) j,t , as a proxy of the herding measure of investor group j, j = D (individuals) and S (institutions):
where Trd j,it = the trading volume of group j for stock i at time t; μ (Trd) j,t = the cross-sectional average trading volume of investor group j at time t; and N is the number of stocks in the calculation. We also compute σ(Buy) jt and σ(Sell) jt to measure buyand sell-side herd measures, where Buy and Sell denote the buying and selling volume, respectively. In this paper, we define the trading volume as the change of logarithmic trading value. 9 Following previous studies, we transform the raw trading value by taking the natural log (Ajinkya and Jain, 1989; Falkenstein, 1996) . 10 Because daily trading volume in stock market growth dramatically, especially in the emerging markets, the log of volume changes effectively transform the nearly exponential volume series into a linear series (e.g., Andersen, 1996) , and using the change in volume helps remove any time trend that may exist in volume 7 For more information about the split-share structure reform, please see Firth et al. (2010) and Liao et al. (2014) . 8 Over the sample period, the average percentage of no-institutional-trading days for small stocks (17.37%) is also considerably larger than that for large stocks (3.09%). In contrast, individuals traded all of the SSE 180 stocks almost every day, although the difference between individual and institutional investors in notrading-days for particular stocks can partly be explained by the enormous number of individual investor accounts. We find that only three stocks have noindividual-trading days, and the largest number of no-individual-trading days is three. 9 Furthermore, as robustness checks, we also use turnover and raw trading value in our analysis, and the results are generally the same. 10 For example, Ajinkya and Jain (1989) find that the empirical distribution of log transformed trading volume is quite close to the normal distribution.
(e.g., Sullivan and Xiong, 2012) . 11 Hasbrouck (1988) indicates that any private information must be inferred from the unanticipated portion of trade rather than total trade, i.e., the trade innovation. The change in trading value can be interpreted as the abnormal or unexpected trading component.
Differences between institutional and individual investors in herding
Intuitively, if an investor group trades some particular stocks in concert, then its trading value will increase significantly, whereas that for other stocks will decrease or at least not change significantly. As a result, the standard deviation of trading volume or dispersion of this investor group across different stocks should be large. Conversely, if an investor group tends to herd towards market trends, then the dispersion of its trading value should not differ from trends and the magnitude of dispersion should be relatively small. Therefore, a low (high) value of dispersion indicates relatively strong (weak) herding behavior towards the market return.
Institutional investors are superior to individual investors in the acquisition of firm-specific and private information. Institutional investors are also more homogeneous and tend to trade more on particular stocks or particular groups of stocks to take advantage of information asymmetry (Campbell et al., 1993; Harris and Raviv, 1993; He and Wang, 1995) . In contrast, less informed individual investors are likely to react to all changes in volume and price as if these changes reflected information. Hence, they may consider it to be optimal to follow market trends, i.e., herd more on the market trend and trade less selectively across different stocks. Therefore, we should observe the following:
H1. On average, the magnitude of the herding measure for institutional investors is larger than that for individual investors if the former have superior information to the latter and trade on that information.
Specifically, we expect that the mean cross-sectional standard deviation of institutional trading value for institutions will be greater than that for individuals: Table 2 reports the herding measures of individuals and institutions for all of the SSE 180 stocks at the market and portfolio levels. Consistent with Hypothesis 1, the magnitude of the average institutional herding measure is larger than that of the individual herding measure in all cases. Another interesting finding is that the magnitude of the herding measures for institutions decreases almost monotonically with the size of the portfolio, whereas individual herding measures increase, although not monotonically, with the size of the portfolio. In other words, institutions herd more on large stocks than on small stocks and they are more selective in picking smaller stocks while individuals usually trade more evenly on small stocks and they are relatively pickier in choosing large stocks. For example, the difference between the average herding measure for institutional trades, σ(Trd) S , of the smallest portfolio (Portfolio 1) and that for the largest portfolio (Portfolio 5) is 0.58 and is significant at least the 5% level.
12 In contrast, the difference for individual investors is significantly negative (−0.02).
13
Panel B of Table 2 provides the correlation matrix between the daily market index return and the mean and dispersion of institutional and individual trading volume. Many previous studies have suggested a positive relation between market returns and 11 Non-trading days are not included in our computation of dispersion measures. Alternatively, following Ajinkya and Jain (1989) , Cready and Ramanan (1991) , LIorente et al. (2002) , we use RMB1 in the case of zero trading volume for a stock on a given day. The results using this different transformation method are similar to those reported in this paper even though this transformation tends to overstate dispersion measures. 12 For all of the tests reported in Table 1 , we use both the t-test and the Wilcox test, and the results are the same except for one case in which the t-test result is significant at the 5% level, whereas the Wilcox test result is significant at the 10% level. 13 As a robustness check, we also use the coefficient of the variation (CV) of the institutional (individual) trading volumes as measures of the dispersion of institutional (individual) trading activity to control for the possible "size effect" of different dollar trading volumes. The results are similar to those that have been reported. To save space, we do not report these results. trading volume (Wermers, 1999; Nofsinger and Sias, 1999; Edelen and Warner, 2001) . Consistent with these studies, we find that the correlations among market returns and average institutional and individual trading volume are all significantly positive. The behavioral finance literature suggests that return-volume relations should be stronger in the trading of individual investors than in the trading of institutional investors (Griffin et al., 2003) . We provide direct evidence to support this argument: we find that the estimated correlation coefficient between market returns and trading volume is substantially larger for individual investors (0.36) than it is for institutional investors (0.27). Moreover, we find evidence that the dispersions of institutional and individual trading volumes are positively correlated (0.30), and that institutional and individual trading volumes are highly correlated (0.79). These results are consistent with the argument that investors closely watch and filter information from each other's trades.
Differences in reaction to market returns between individual and institutional investors
Frankel and Froot (1990) suggest that, in the short run, investors tend to form expectations by extrapolating from recent trends. Shalen (1993) claims that investors tend to filter private information about the sequence of future prices from current prices. Romer (1993) argues that uncertainty about the quality of other investors' information can cause investors to incorrectly, but rationally, place too much weight on market prices and too little on their own information. Hence, when there are significant changes in market prices, it is relatively easy for investors to form "consensus forecasts" (Barberis et al., 1998 ) of short-run market movements.
Intuitively, if investors herd towards the market trends, then when there are significant changes in market return, their trading volumes will increase while the dispersion of their trades decreases. Naturally, a low (high) value of dispersion indicates relatively strong (weak) herding behavior towards the market return. Furthermore, relative to institutional investors, individual investors rely more on public information when making their investment decisions. The trading behavior of individual investors is more heavily influenced by market return shocks, sentiment, and other attention-grabbing events. Therefore, we expect that the herding measure of individual investor group is more sensitive to market return movements, which leads to our second hypothesis.
H2. The herding measure is negatively related to the contemporaneous absolute market return for both individual and institutional investors, and individual investors exhibit more a sensitive herding reaction to market return movements than do institutional investors.
First, we test whether the herding measure decreases when the absolute value of market returns increases after controlling for the average trading volume, as shown below.
where μ(Trd) j,t is the cross-sectional average of trading volume for investor group j; j = S, D at time t; and RM t is the market index (proxied by the SSE 180 Index) return. If H 2 is true, then we expect that the estimates of β S and β D should be significantly negative. Second, if, relative to institutional investors, the herding measure of individual investors is more sensitive to market return movement, then we should observe that β D b β S . To test this, rather than estimate model (2) for institutions and individuals separately, we estimate the following pooled regression model (3). An increase in trading volume may lead to an increase in returns (Gervais et al., 2001 ). To control for the possible impact of the correlation between absolute return and volume, we use the General Moment Method (GMM) to estimate model (3). Table 3 reports the estimates of model (3) for each of the dispersion measures, σ(Trd), σ(Buy), and σ(Sell), respectively.
Consistent with Hypothesis 2, in the trade herd equation (σ(Trd)), the estimated coefficient for the absolute market return (β S ) is significantly negative in the case of "All stocks" and for all five portfolios, which suggests that the herding measure for institutional trade is negatively related to the contemporaneous absolute market return.
Second, we find that the relation between the herding measure and the absolute market return for institutional investors differs in the buy herd equation (σ(Buy)) and the sell herd equation (σ(Sell)). Whereas β S is significantly negative in the case of "All stocks" and for most of the portfolios in the sell herd equation, it is only significantly negative for the largest portfolio in the buy herd equation. In other words, when making buying decisions, institutions are less sensitive to market return movements.
Furthermore, we find that the estimates of β D-S are significantly negative in most of the cases in both the buy and sell equations, and a couple of cases in the trade equation. As β D = β D-S + β S , this implies a much stronger herding tendency towards market portfolio by individual investors, regardless of buying or selling. In other words, less-informed individual investors herd more in stock trading, and this is consistent with herding theories based on informational heterogeneity among market participants.
Overall, the results in Table 3 indicate that: (i) the herding measures for both individuals and institutions are negatively related to absolute market returns and positively related to the average trading volume; and (ii) individual herding measure is more sensitive to market movement. In other words, when there are clear signals of market return movements, whether increases or decreases, the dispersion of beliefs on market movement declines. As the result, herding towards market movement intensifies, especially that of individual investor group.
Table 3
Relation between the dispersions of change in trading value and the absolute market return (GMM estimates).
RM is the SSE 180 Index return. μ(Trd) t is the cross-sectional average change of total trading value for institutional and individual investors; σ(Trd), σ(Buy), and σ(Sell) are the scaled dispersion measures of total trading, buying, and selling value changes for individuals and institutions. All of the trading value variables are in logarithm. **, *, and † indicate significance at the 1%, 5%, and 10% levels, respectively. 
Robustness test: extreme market conditions
A large cross-sectional variation of trading volume could be due to large shocks in the market or due to large dispersion of sensitivity of volume. To control for this possibility, as a robustness test, we estimate model (4) with a dummy variable capturing extreme market shocks:
where the dummy variable D t is defined as:
if the market return is extremely high or extremely low; 0; otherwise:
The cut-off point for extreme market movement is ±1% daily changes of the SSE 180 Index returns. Table 4 reports the estimates of model (4) for each of the herding measures. Consistent with Hypothesis 2 and the results in Table 3 , in the equation for the dispersion of trading volume (σ(Trd)), the estimated coefficient for the absolute market return (β S ) is significantly negative in the case of "All stocks" and for most of the portfolios. Second, institutional buying is less sensitive to market return movements than institutional selling. Finally, the estimates of β D-S are significantly negative in a majority of the cases in both the buy and sell equations, suggesting that there is a stronger herding tendency towards market portfolio by individual investors. On the other hand, the estimate of the coefficient for extreme market shocks (θ) tends to be negative but is not significant for all cases except for the smallest portfolio in the selling equation. These results indicate that the negative relation between our herding measure and the contemporaneous absolute market return cannot be attributed to large shocks in the market or due to large dispersion of sensitivity of volume with respect to those shocks. Table 4 Relation between dispersion and extreme market returns (1%) (GMM estimates).
RM is the SSE 180 Index return. μ(Trd) t is the cross-sectional average change of total trading value for institutional and individual investors; σ(Trd), σ(Buy), and σ(Sell) are the scaled dispersion measures of total trading, buying, and selling value changes for individuals and institutions. Up is the dummy variable for the up market, which takes a value of 1 if the market is extremely high, and D is a dummy variable for extreme market return shocks, which takes a value of 1 if the market is extremely low or extremely high. The criterion for extreme is set at 1%, which implies that the daily changes in the SSE 180 Index returns are greater than or equal to 1% in both directions. All of the trading value variables are in logarithm. **, *, and † indicate significance at the 1%, 5%, and 10% levels, respectively. 
All
Herding behavior differences in up-and down-markets
Previous studies have suggested that investors tend to react differently to good and bad news (e.g., Grinblatt et al., 1995 and Keim and Madhavan, 1995) . In the herding literature, some studies find that herding tends to be more prevalent in extreme market conditions (Christie and Huang, 1995; Zhou and Lai, 2009) , while other studies suggest that herding is independent of market conditions (Hwang and Salmon, 2004) . Chang et al. (2000) document mixed findings for a number of emerging and developed markets. Whether or not herding is independent of market conditions remains an empirical issue. In this study, we find that the herding does exist in the Chinese stock market and the dispersion measure is negatively related to the absolute market return. In this section, we further examine whether the herding behavior is asymmetrical to up-and down-market price movements and whether there is any difference in herding between individual and institutional investors. To meet this end, we formulate our third hypothesis.
H3. If investors respond to good and bad news differently, then the herding measure differs in up-and down-markets.
To test Hypothesis 3, we estimate the following regression model using the GMM:
where the two dummy variables Up and Dn are defined as:
if the market return is significantly high; 0; otherwise:
and Dn t ¼ 1; if the market return is significantly low; 0; otherwise:
The two dummy variables signify significant upward and downward market return movements, respectively. The cut-off point for significant market movement is ±1% daily changes of the SSE 180 Index returns.
14 The estimated coefficients of the up-and down-market dummy variables, β and γ, should differ significantly either in their sign or magnitude to indicate differential reactions. Furthermore, this model allows us to test the differences between individual and institutional investors. As
implies that the herding measure of individual investors is more negatively related to large market return increases (decreases) than that of institutional investors. Table 5 reports the estimates of the regression model (5). In the trade herd (σ(Trd)) equation, the estimates of both δ S and γ S are significantly negative, whereas those of both δ D-S and λ D-S are negative, although not significant, at the overall market level and in most cases at the portfolio level. These results indicate that: (i) the herding measure of both institutional and individual trading narrows in the presence of large market changes, and (ii) the herding measure of individual trading is more negatively (but not significantly) related to large market changes.
In the buy herd equation (σ(Buy)), the estimates of neither δ S nor γ S are significant, whereas the estimates of both β D-S and λ D-S are significantly negative at the 5% and 10% level, respectively. This implies that the institutional buy herd measure is not generally sensitive to large changes in market returns. In contrast, the individual buy herd declines significantly, suggesting that individual buy herd is sensitive to large changes in market returns.
Finally, in the sell herd equation (σ(Sell)), the estimates of β S are significantly negative, whereas those of γ S are negative, but insignificant, in most cases. These results imply that the institutional sell herd measure declines significantly when there are large up market movements, but it does not decrease significantly with large down market movements. The estimates of λ D-S are significantly negative in most cases, whereas those of δ D-S are generally negative, but not significant, which implies that the individual sell herd measure declines more significantly in the presence of down market movements.
In summary, we find evidence of herding towards the market portfolio when there are large up-and down-market movements. This result is consistent with the finding of Hwang and Salmon (2004) for the U.S. and Korean markets. Second, we find that individual trades tend to react symmetrically to up and down market movements, whereas institutional trades tend to exhibit asymmetrical responses. Relative to institutions, the individual buy herd measure is more sensitive to both up and down market movements, whereas that for individual sell herd is more sensitive only to down market movements. These results are also consistent with the herding prediction in Christie and Huang (1995) in that because investors are more likely to suppress their own beliefs in favor of the market consensus during periods of unusual market movements, herd behavior would most likely emerge during periods of market stress.
Interactions between individual and institutional investors
Motivated by Bikhchandani et al. (1992) and Welch (1992) , we examine whether one type of investors is concerned with the beliefs and trading activities of the other type. A number of studies have suggested that investors are concerned with the beliefs and uncertainties of other investors and that they filter additional information by observing the trades of other investors. Using the Granger causality test, we examine whether individual (institutional) investors are concerned with the trading activities of institutional (individual) investors. Specifically, we test the following hypothesis.
H4. Institutional (individual) herding is not only related to their own lagged trading, but also to that of individual (institutional) investors.
We use the Granger causality test based on the following vector auto-regression model (VAR) with k lags.
where A ij ¼ ∑ The test results summarized in Table 6 are consistent with Hypothesis 4 (H4). We find strong interactions between individuals and institutions in their trading levels and herding. At the market level, the institutional trading variables Granger-cause the herding of not only institutions but also that of individuals, although at the portfolio level, however, the Granger causality test result is mixed. The same observation applies to individual investors. These results are consistent with the argument that investors are concerned with the beliefs and uncertainty of other investors (Romer, 1993) and imitate earlier investors (Bikhchandani et al., 1992 and Welch, 1992) , as the initial market reaction to news does not fully reflect investor assessments of that news, and further trading reveals additional information about these assessments. is the cross-sectional average change of total trading value for institutional and individual investors; σ(Trd), σ(Buy), and σ(Sell) are the scaled dispersion measures of total trading, buying, and selling value changes for individuals and institutions. Up is the dummy variable for the up market, which takes a value of 1 if the market is extremely high, and Dn is the dummy variable for the down market, which takes a value of 1 if the market is extremely low. The criterion for extreme is set at 1%, which implies that the daily changes in the SSE 180 Index returns are greater than or equal to 1% in both directions. All of the trading value variables are in logarithm. **, *, and † indicate significance at the 1%, 5%, and 10% levels, respectively. 
Conclusion
In this paper, by using daily individual and institutional trading data, we construct a set of dispersion measures to study the differences of herding behavior between individual and institutional investors. We find that cross-sectionally, the magnitude of the average individual dispersion measures is smaller than those of institutional investors, which implies that less-informed individual investors tend to trade towards the market movement and less selectively across different stocks.
Second, we find that dynamically, both the individual and institutional herding measures are negatively related to the absolute market return and positively related to the average trading volume. Although both individual and institutional investors place greater weight on market returns and filter information from returns and trading, the herding measure of the former is more sensitive to total trading and market return movement. This finding remains robust with extreme market shocks controlled for. Furthermore, we find that relative to institutions, the individual buy herd measure is more sensitive to both up-and down-market movements, whereas the individual sell herd measure is more sensitive only to down-market movements.
Finally, we find that, at the market level, institutional herding is not only Granger-caused by its own lagged trades but also that of individuals. The same observation applies to individual investors. These results indicate that, both individual and institutional investors pay close attention to one another's trading activities in forming a consensus. 
The figures are F-statistics with their p-values in brackets. R is the SSE 180 Index return for the case of "All stocks," and it is the portfolio mean return for the other cases (i.e., for each of the five portfolios). μ(Trd) j , μ(Buy) j , and μ(Sell) j are the average total trading, buying, and selling value changes, respectively, and σ(Trd) j , σ(Buy) j , and σ(Sell) j are the corresponding dispersion measures for investor group j, j = D (individuals) and S (institutions), respectively. All of the trading value variables are in logarithm. 
All
